Previous work has shown that the relationships between respiratory pressures and dimensions can be used to investigate how analgesia, airway obstruction and hypoxia are related. These relationships can be more clearly visualised by plotting the different pairs of signals against each other to create a graphical representation of the respiratory mechanisms. This technique of visual classification has been automated using Self Organising Maps. Respiratory signal can be classified into categories on a breath by breath basis without having to explicitly indicate the start of inspiration. Having achieved this we have established a system for extending the research from a medical perspective by making it viable to conduct wider studies on a larger patient base.
Introduction
After major surgery patients may experience severe pain which is only controllable by pushing morphine-like analgesics to their limits of systemic or regional effectiveness. The consequence of this practice is a significant risk of disrupting the control of the upper airway, or breathing, and precipitating life-threatening hypoxia. An ideal monitoring system would not only detect respiratory distress, but also anticipate them from indicators present in the breathing patterns. Nimmo and Drummond [3] used a method involving visual analysis of respiratory pressures and dimensions to investigate how analgesia, airway obstruction and hypoxia are related. This involved recording four physiological signals, oesophageal and gastric pressures and chest and abdomen dimensions, and studying their phase relationships. Degrees of asynchrony of ribcage and abdominal movement were found to be consistent with degrees of airway obstruction [3] .
In this work Self Organising Maps (SOMs) [1] were used to learn the graphical representations of the different categories of the breathing mechanism. The main feature of SOMs is that they use unsupervised learning to group data into categories. The system adapts in order to recognise groups of similar cases from within its set of training examples without being told in advance what the different categories might be. In doing so, it develops a set of prototypical vectors or centres in the data set to form regions or clusters. These regions can be identified and calibrated by projecting known data examples on to the trained map. 
Background
The data set used for this study was the same as that used by Nimmo and Drummond [3] . Data from eight out of the ten original patients was used. These included patients aged 40 or more, who had undergone major abdominal surgery involving an incision at least partly above the umbilicus. The exclusion criteria were patients with severe cardiac, respiratory or renal disease or an abnormal body weight. The signals were measured during the first night after surgery under observation at the Edinburgh Royal Infirmary. The average duration of the recording of each patient was about 5.5 hours.
The following signals were used in our study: 1) nasal gas flow (NASAL), 2) chest dimension (CHST) 3) abdominal dimension (ABDO) 4) oesophageal pressure (Poes) and 5) gastric pressure (Pgas). Chest and abdominal movement signals were measured using inductance bands around the chest and abdomen. Oesophageal and gastric pressure were measured using a modified nasogastric tube with an integral oesophageal balloon and a gastric balloon attached to the tube tip.
The category of each breath was determined according to the algorithm described by Nimmo and Drummond [3] .
The starting point of inspiration was detected Pgas ABDO Class normal normal A paradox normal B paradox paradox C from the CHST signal. The ABDO signal normally rises simultaneously with the CHST signal, but sometimes, it first decreases slightly and then starts to rise after a delay. This is called an ABDO paradox. The same may happen to the signal Pgas. By analogy this case is called a Pgas paradox. The breaths were thus classified as shown in the table.
An example of a short sequence with the different classified types is shown in Figure 1 -A. Class C changes to A and later to B. Single breaths are separated by vertical lines, which also indicate the beginning of inspiration.
When the rules summarised in the table above were implemented in software, the main problem encountered was the determination of the starting point of inspiration. As shown in Figure 1 -B, even a small shift in the starting point can result in a completely different classification. As can be seen, it is very hard to say exactly where inspiration begins. For example, if the start of the first breath was determined as point 1, the breath would be classified as C. If it was at point 2, the classification would be A. The resulting classification is not very reliable in terms of accuracy but is adequate for giving an indication of the balance of classes present in each patient. This information is useful when constructing training and test sets.
Data Preparation
The raw signal contains a large amount of disturbance caused either by the patient (movements, coughing, talking and so on) or by problems with the technical equipment (slipping of the inductance bands, or general outages). All these sections of signal had to be removed, as the breathing signals were distorted or completely damaged by the artifacts. To mark the disturbed sections, a technique based on Wavelet analysis [2] was used. The analysis of the signal was done on a breath by breath basis so the next step involved the segmentation of the signals into separate breaths. To achieve this, we used the signal CHST as an indicator of the start of the inspiration.
A point was marked as the starting point of a breath if it lay in a trough with predefined lengths of descending and rising sections. The exact detection of the starting point was not easy because of the noise contained in the signal. Due to the overlap of the signal of interest and noise bandwidths, noise filtering was not used as it would result in loss of detail information contained in the signal. This has the additional benefit that the presence of random noise helps neural networks to develop better generalisation capabilities, so noise in the signal was not considered harmful.
The selected signal which was to be used for testing the networks was then classified by a clinician. This provided a correct and reliable classification against which the results of the neural networks were evaluated.
Due to the practical problems with maintaining calibration of some of the measuring equipment through the entire recording period, drifts in the absolute values of the signal were noted. As a result, all the signals were normalised to a fixed height and width to enable standard visualisation. The shape of the signals is more significant than the actual value of the samples in this situation.
Experiments and Visualisation of the Results
The correct selection of inputs is a very important precondition for the network to solve a particular problem. Our choice was to use the graphs of the pairs of signals, shown in Figure 2 , which were converted to vectors by digitising the graphs to a 19 x 19 pixel grid. These will be referred to as plot vectors. The resolution was found to be the optimum size for capturing all the major features of the graphs.
The resulting plot vectors, of which there were 15, were investigated separately, so in all, there were 15 self organising maps (SOMs) created per patient, one map per plot vector. This also allowed us to investigate the importance of each signal individually.
Analysis of the Results
Several configurations of the SOM were tested to find the best. Maps of 7 by 5 neurons were found to give the best separation The trained maps were evaluated by projecting the test data classified by the clinician. One of the results is shown in Figure 3 . Analysis of the results showed several important facts.
The self organising maps are capable of extracting features necessary to separate between the different classes of breaths.
It is possible to reduce the number of signals while still maintaining satisfactory classification. This was experimentally tested by using each of the different plot vectors separately. In most cases, the SOM separated one class from the other two classes. So for the complete separation of all three classes at least two maps had to be used. E.g. one separated class A from all the others, the second separated class C from all the others and the remaining breaths were separated as belonging to the class B. None of the plot vectors alone seemed to contain sufficient information for good separation of all the three classes of breaths, so one map was not enough to perform this task. There was just one plot vector (ABDO/Pgas as shown in Figure 3 ) which approached this ideal of classification of all three classes at once, but the separation of the three classes was not as good as in the case of using at least two together.
Some plot vectors did not result in any separation at all. The results are summarised in the following Experiments were also conducted using slightly different variants of the graphs. The difference was in the length of the signal used. The data included: 1) Inspiration only, 2) Inspiration and expiration, 3) Inspiration and expiration, including small overlaps with neighbouring breaths. The starting point of the inspiration was taken from the previous process of segmenting the signals into separate breaths. The results obtained using the first two data sets were similar, but the third data set, where the starting point of inspiration was not explicitly stated, gave the best results.
Conclusions
The main result of this work was to show that it is possible to automate the recognition of single breaths as classified by Nimmo and Drummond [3] .
Although the algorithm for the classification can be coded in software, using self organising maps provides a more suitable approach in terms of possibilities of enhanced expert interpretation of results through visualisation. Additionally, experiments have shown that the exact boundaries of the breaths need not be explicitly specified as the self organising maps seem capable of extracting the relevant information more reliably.
The process of classification using self organising maps is based on recognition of the shape of the breathing signals, so the absolute values of the signals are not needed at all. This is also an important benefit because it is not easy to keep some of the components of the measuring system calibrated during the whole course of the overnight measurement.
On evaluating the importance of the signals in contributing to achieving a high level of classification, our experiments showed that at least one of the invasively measured signals, namely Pgas, is necessary for correct classification and the information carried by this signal could not be extracted from the other, more easily measurable, signals.
On the other hand some signals did not seem to be necessary at all (e.g. Poes). Also, the signal CHST, which was supposed to be used for the exact determination of the start of inspiration, is not necessarily needed.
Currently, alternative methods of data representation and feature extraction are being explored along with comparisons being made with other classification techniques. We will also be investigating repeating these studies using further derived signals based on the combination of the present signals with a view to enhancing the level of the information available to the networks.
Having achieved the ability to automate the identification of single breaths, it will be possible to investigate the nature of the signals on a larger scale. The next stage will involve the correlation of the statistics concerning the frequency of occurrence and relationship between the sequence of occurrences of the different classes of the breaths, to the condition of the patients breathing.
